Biological intracellular transport is predominantly heterogeneous in both time and 12 space, exhibiting varying non-Brownian behaviour. Characterisation of this movement through 13 averaging methods over an ensemble of trajectories or over the course of a single trajectory often 14 fails to capture this heterogeneity adequately. Here, we have developed a deep learning 15 feedforward neural network trained on fractional Brownian motion, which provides a novel, 16 accurate and efficient characterization method for resolving heterogeneous behaviour of 17 intracellular transport both in space and time. Importantly, the neural network requires 18 significantly fewer data points compared to established methods, such as mean square 19 displacements, rescaled range analysis and sequential range analysis. This enables robust 20 estimation of Hurst exponents for very short time series data, making possible direct, dynamic 21 segmentation and analysis of experimental tracks of rapidly moving cellular structures such as 22 endosomes and lysosomes. By using this analysis, we were able to interpret anomalous 23 intracellular dynamics as fractional Brownian motion with a stochastic Hurst exponent. 24 25
Introduction 26 The majority of transport inside cells on the mesoscale ( -µ ) is now known to exhibit non- 27 Brownian anomalous behaviour Metzler and Klafter (2004) ; Barkai et al. (2012) ; Waigh (2014) . This 28 has wide ranging implications for most of the biochemical reactions inside cells and thus cellular 29 physiology. It is vitally important to be able to quantitatively characterise the dynamics of organelles 30 and cellular responses to different biological conditions Van Bergeijk et al. (2015) ; Patwardhan 31 et al. (2017) ; Moutaux et al. (2018) . Classification of different non-Brownian dynamic behaviours 32 at various time scales has been crucial to the analysis of intracellular dynamics Fedotov et al. 33 (2018); Bressloff and Newby (2013) , protein crowding in the cell Banks and Fradin (2005) ; Weiss 34 et al. (2004a) , microrheology Waigh (2005, 2016) , entangled actin networks Amblard et al. (1996) , 35 and the movement of lysosomes Ba et al. (2018) and endosomes Flores-Rodriguez et al. (2011a) . 36 Anomalous transport is currently analysed by statistical averaging methods and this has been a 37 barrier to understanding the nature of heterogeneous anomalous transport. 38 Spatiotemporal analysis of intracellular dynamics is often performed by acquiring and tracking 39 microscopy movies of fluorescing membrane-bound organelles in a cell Rogers et al. (2007) ; Flores- 40 Rodriguez et al. (2011a) ; Chenouard et al. (2014) . These tracks are then commonly interpreted using 41 statistical tools such as the mean square displacement (MSD) averaged over the ensemble of tracks, 42 ⟨Δ 2 ( )⟩. The MSD is a measure that is widely used in physics, chemistry and biology. In particular, 43 MSDs serve to distinguish between anomalous and normal diffusion at different temporal scales by 44 determining the anomalous exponent through ⟨Δ 2 ( )⟩ ∼ Metzler and Klafter (2000) . Diffusion 45 is defined as = 1, sub-diffusion 0 < < 1 and super-diffusion 1 < < 2 Klafter and Sokolov (2011) . 46 To improve the statistics of MSDs, they are often averaged over different temporal scales, forming 47 the time-averaged MSD (TAMSD),Δ 2 ( ) ∼ , where is the lag time Sokolov (2012) . 48 For stochastic processes with long-range time dependence such as fractional Brownian motion 49 (fBm), other statistical averaging methods exist. For fBm, the MSD is ⟨ 2 ( )⟩ ∼ 2 with the Hurst 50 exponent, varying between 0 and 1. One can use rescaled and sequential range analysis 51 Samorodnitsky (2016) ; Peters (1994) to estimate . The advantage of modelling intracellular 52 transport with fBm is that both sub-diffusion (0 < < 1∕2) and super-diffusion (1∕2 < < 1) 53 can be explained in a unified manner using only the Hurst exponent. The essence of fBm is that 54 long-range correlations result in random trajectories that are anti-persistent (0 < < 1∕2) or 55 persistent (1∕2 < < 1). To our knowledge, this is the first method which is capable of resolving heterogeneous behaviour 92 of anomalous transport in both time and space. We anticipate that this method will be useful 93 in characterising a wide range of systems that exhibit anomalous heterogeneous transport. We 94 have therefore created a GUI computer application called DeepExponent in which the DLFNN is 95 implemented so that the wider community can conveniently access this analysis method 96
Results and Discussion

97
The DLFNN is more accurate than established methods. 98 We tested a DLFNN trained on fBm with 3 hidden layers of densely connected nodes on = 10 4 99 computer-generated fBm trajectories each with = 10 2 evenly spaced time points and constant 100 Hurst exponent , randomly chosen between 0 and 1. The DLFNN estimated the Hurst exponents 101 based on the trajectories, and these were compared with those estimated from TAMSD, rescaled 102 range, and sequential range methods ( Figure 1a) . The difference between the simulated and 103 estimated values Δ = − was much smaller for the DLFNN than for the other methods The DLFNN's estimation capabilities were tested further by inputting randomly sampled 127 time points from the original fBm trajectories. Surprisingly, ∼ 0.05 is regained even with just 128 40 out of 100 data points randomly sampled from the time series for any triangular DLFNN with 129 more than 1 hidden layer ( Figure 1d ). For this method to work with experimental systems, it must 130 estimate Hurst exponents even when the trajectories are noisy. Figure 1e shows how the exponent 131 estimation error increases when Gaussian noise with increasing signal-to-noise ratio (SNR) is added 132 to the fBm trajectories. Importantly, the DLFNN accuracy at 20% SNR is as good as the accuracy 133 of other methods with no noise (compare Figure 1a and e). (Figures 5b and c) . The segments classed with > 0.5 had linear correlations between 220 displacements and time, which was not seen for segments with < 0.5. The anti-persistent 221 segments generally had a longer duration than the persistent segments, but had much smaller 222 displacements (note the different axes scales between upper and lower rows in Figures 5b and c) . 223 This is expected because lysosomes and endosomes are known to spend the majority of time in 224 a subdiffusive state interrupted by brief periods of active motor transport Flores-Rodriguez et al. 225 (2011a). 226 Here, we have not used any additional assumptions to extract these states from the data. The fBm with a stochastic Hurst exponent is a new intracellular transport model. 234 Figure 6 . A plot of survival functions with error bars for persistent and anti-persistent segments for lysosomes and endosomes with the power-law fits. Fit parameters can be found in Table 1 fBm is a Gaussian process ( ) with zero mean to human dynamics Barabasi (2005) . We hope that this type of analysis will allow discoveries in 280 particle motility of a more refined nature and make applying anomalous transport theory more 281 accessible to researchers in a wide variety of disciplines. 
where { } = (0), ( ), (2 ), ..., ( ). The rescaled range is then fitted to a power law R/S ( ) ∼ 294 ( ) where is the Hurst exponent Hurst (1951) . The 'compute_Hc' function in the 'hurst' package 295 in Python3 estimates the Hurst exponent in this way.
296
Sequential ranges are defined as
where sup( ) is the supremum and inf( ) is the infimum for the set of real numbers. Then inputting values into the neural network, the time series was differenced to make it stationary.
321
The input values of a fBm trajectory { } = 0 , 1 , ..., were differenced and normalized so that 322 = ( 1 − 0 )∕range( ), ( 2 − 1 )∕range( ), ..., ( − −1 )∕range( ). were inoculated with the virus, and successfully transduced cells were selected using µ ∕ 344 Geneticin (G418 -Sigma-Aldrich G1397). Cells used were not clonally selected. 345 Stably expressing MRC5 cells were co-stained with LysoBrite (AAT Bioquest) were imaged using 346 fluorescence microscopy and tracked with NNT (aitracker.net Newby et al. (2018) Testing DLFNN accuracy for different diffusion coefficients 454 The DLFNN was compared to the MSD estimation method for trajectories with different diffusion coefficients to ensure that the DLFNN estimation was not scale dependent. Classifying persistent and anti-persistent states by Hurst exponent values 1∕2 < < 1 and 0 < < 0.5 respectively, individual lysosome and endosome trajectories were segmented with a moving window of 9 points. Data was extracted from microscopy movies of 120 MRC5 cells acquired from three independent experiments. Endosomes from 60 cells and lysosomes from 60 different cells were tracked using AITracker Newby et al. (2018) . Then the trajectories were segmented into anti-persistent (0 < < 0.5) and persistent (0.5 < < 1) using the Hurst exponent estimates by DLFNN. The time duration and particle displacement of these segments were measured and then fitted to distributions. In this way, we could measure the stochastic switching between active and passive transport and the statistics of vesicle movement within these states. The survival time probabilities show that lysosomes and endosomes are far more likely to remain trapped in a anti-persistent state than be persistently transported by motor proteins. While this is intuitively obvious in the context of cell biology, this analysis provides quantitative characterization of endosomal and lysosomal motility. Table 1 shows the full details of the fit results to the survival probabilities shown in Fig. 2. Figure 3 shows the empirical probability density functions (PDF) of the particle displacements for different states of motion. Displacements of segments are fitted to Burr Type XII distributions. Table 2 shows the full details of parameter estimates of Figure 3 . As expected, this analysis demonstrates that both endosomes and lysosomes are far more likely to move large distances when they are in the persistent state. This reconciles how vesicles are able to move large distances even though they are more likely to stay in a anti-persistent state for long periods of time. The large displacements in the persistent state compete with long durations spent in the anti-persistent state. Lysosome data PDF ( ) Fit parameters for Fig. 3 Anti-persistent Burr Type XII = 1.44 ± 0.01, = 1.93 ± 0.05, 0 = 0.063 ± 0.002µ Persistent Burr Type XII = 1.52 ± 0.02, = 0.79 ± 0.02, 0 = 0.023 ± 0.001µ
Endosome data PDF ( ) Fit parameters for Fig. 3 Anti-persistent Burr Type XII = 1.49 ± 0.01, = 1.94 ± 0.06, 0 = 0.104 ± 0.004µ Persistent Burr Type XII = 1.62 ± 0.03, = 0.79 ± 0.03, 0 = 0.039 ± 0.001µ 503 Appendix 1 Figure 3 . Normalized histograms (filled) and corresponding maximum likelihood estimation for Burr distributions (line) of segment displacements from lysosome and endosome experimental trajectories segmented using DLFNN. Parameter estimates are shown in Table 2 . 
